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E-Learning systems can support real-time monitoring of learners’ learning desires and effects, thus offering opportunities for enhanced personalized learning. Recognition of the determinants of dyslexic users’ motivation to use e-learning systems is important to help developers improve the design of e-learning systems and educators direct their efforts to relevant factors to enhance dyslexic students’ motivation. Existing research has rarely attempted to model dyslexic users’ motivation in e-learning context from a comprehensive perspective. The present work has conceived a hybrid approach, namely combining the strengths of qualitative and quantitative analysis methods, to motivation modelling. It examines a variety of factors which affect dyslexic students’ motivation to engage in e-learning systems from psychological, behavioral and technical perspectives, and establishes their interrelationships. 
Speci�ically, the study collects data from a multi-item Likert-style questionnaire to measure relevant factors for conceptual motivation modelling. It then applies both covariance-based (CB-SEM) and variance-based structural equation modelling (PLS-SEM) approaches to determine the quantitative mapping between dyslexic students’ continued use intention and motivational factors, followed by 
discussions about theoretical �indings and design instructions according to our motivation model. Our research has led to a novel motivation model with new constructs of Learning Experience, Reading Experience, Perceived Control and Perceived Privacy. From both the CB-SEM and PLS-SEM analyses, results on the total effects have indicated consistently that Visual Attractiveness, Reading Experience and Feedback have the strongest effects on continued use intention. CCS Concepts: • Human-centered computing → User models; • Human-centered computing → 
Empirical studies in HCI; • Applied computing → E-learning; • Applied computing → Psychology; • Social and professional topics → People with disabilities 
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population [1, 2], and evidence shows that students’ high level of learning motivation is positively associated with their good performance [3, 4, 5]. This is of course true for all students, but for those with dyslexia, it is a more acute issue. Already struggling with literacy difficulties and relatively lower academic self-worth compared with students without dyslexia, they are more likely to get demotivated and disengaged with learning, which reveals the necessity of applying motivational strategies for dyslexic students to improve their learning motivation. Looking at motivation and learning more broadly, motivation, involving both cognition and emotion, is “a natural part of any learning process” that “explains the direction and magnitude of behavior” [1]. Compared with traditional classroom learning, e-learning systems offer students a more personalized approach to learning as users can learn anytime and anywhere with access to a computer or smartphone in a self-paced manner. In e-learning systems, highly motivated users are more likely to achieve a high level of engagement and better understanding [6]. However, the area of assistive e-learning for students with dyslexia has not obtained a comparable level of attention [3], and very little research has examined the motivational issues for dyslexic students, which only covered a specific aspect that may improve motivation such as gamification, e.g., [1]. With the increasing use of mobile or web-based e-learning systems, it becomes possible to observe users’ learning behavior and record data during the interaction process between 
users and systems to detect users’ motivational states in real time. Once users’ motivational states are detected, e-learning systems can respond to them dynamically by using motivational strategies or personalized actions to sustain or improve users’ motivation to enhance learning efficiency, effectiveness and enjoyment. Any intelligent tutoring systems, also known as personalized learning systems, are in nature e-learning systems which provide automated adaptive guidance or services to suit an individual user’s cognitive or emotional states for enhanced learning. For motivational states to be identified and corresponding strategies to be applied eventually during users’ interaction with e-learning systems, establishing an explanatory framework is necessary for the users’ continued intention to use e-learning systems with interdisciplinary research and theories. This area, known as user modeling, has been widely used for the personalization of various context-aware applications including adaptive user interfaces, user recommendation systems and personalized learning systems. Therefore, the first step of providing personalized motivating stimuli in e-learning systems is to model the factors that reflect different aspects of users’ motivation to learn in e-learning systems. However, there is little work on motivation modeling in e-learning context. To the best of our knowledge, no research exists attempting to model the factors that influence dyslexic students’ motivation to engage in e-learning systems. Specifically, research combining the perspectives of technology acceptance, motivation theories and dyslexics characteristics is extremely limited. To address this knowledge gap, we develop a motivation model which can be in future used by e-learning systems to monitor and analyze a learner’s motivational states and offer motivation-aware personalized learning stimuli. The present research starts with the initial motivation model developed using a qualitative approach, which then combines with a quantitative study with dyslexic students to empirically calculate the influence and weights of the motivational factors. We employ Structural Equation Modeling (SEM) as the approach of data analysis to validate the constructs and modify the relationships between them in the motivation model based on the results of the study along with the reference to prior research and theories. SEM is superior to tradition regression analysis, for it analyses measurement model and structural model together as an integral part of the model [7] and models relationships among multiple independent and dependent variables systematically [8].  SEM can be either a covariance-based (CB-SEM) or a variance-based approach, known as partial least squares (PLS-SEM). CB-SEM has the assumption of multivariate normal distribution aiming at reproducing theoretical covariance matrix, while 
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PLS-SEM, aiming at maximizing the explained variance of the dependent constructs,  is advantageous in the case of small sample size as well as when the data set does not meet the assumption of CB-SEM [8, 9].  
Our main contributions are fourfold: firstly, we develop a hybrid approach to motivation modelling which marries the advantages of both qualitative and quantitative approaches. Secondly, we exploit priori knowledge and dyslexic students’ opinions in real world scenario to elicit the most relevant and crucial factors when developing the motivation model in the qualitative stage. Thirdly, we conduct SEM using both CB-SEM and PLS-SEM in the quantitative stage to fine-tune the motivation model that enables deep understanding of the model constructs and their interrelationships, with the comparison between the results from CB-SEM and PLS-SEM to ensure the methodological robustness. Finally, we create (or identify) motivational strategies as instructions according to our motivation model as examples to address both intrinsic motivation and extrinsic motivation of dyslexic students to engage in e-learning systems, as existing research on the design of e-learning systems for dyslexic students only focuses on the aspect of knowledge acquisition such as appropriate learning materials or on the style of interface design such as font type and spacing. The remaining of the paper is organized as follows. Section 2 provides the related work in terms of prior motivation theories and technology acceptance perspectives as well as relevant factors in both aspects of dyslexic learners and e-learning systems. Section 3 and 4 describe the process and methods of qualitative and quantitative motivation modelling respectively, followed by discussion in Section 5 and conclusion in Section 6. 
2 RELATED WORK  
2.1 Motivation Theories A variety of motivation theories and models have addressed the motivational factors from different perspectives to explain people’s behavior intention. Theory of Planned Behavior assumes that intention immediately determines behavior, which is shaped by attitudes toward the behavior, subjective norms and perceived behavior control [10]. Ryan and Deci [11] has distinguished extrinsic motivation as “doing something because it leads to a separable outcome” from intrinsic motivation as “doing an activity for the inherent satisfaction of the activity itself”. In other words, extrinsically motivated behavior is driven by the reward of the activity, while intrinsically motivated people are attracted by the activity that they find pleasant or challenging. Researchers have also looked into factors contributing to intrinsic motivation, which are perceived challenge, feedback, perceived choice, perceived interest, curiosity and perceived competence consisting of self-efficacy, anxiety or emotion [12, 13]. Deci and Ryan’s self-determination theory supposes that people’s motivation is self-determined by the degree to which their innate psychological needs are satisfied, i.e. autonomy, competence and relatedness [14]. Bandura’s social cognitive learning theory explains behavioral intention with one’s perception of control over outcome, external barriers and self-efficacy [15, 16]. Keller has proposed ARCS model of motivation identifying its four components being attention, relatedness, confidence and satisfaction [17].  In contrast, there are much less theories or models targeting at behavior motivation of people with dyslexia. Daki and Savage’s study has suggested that a short-term intervention improve dyslexic students’ beliefs about their reading skills and perceived social support for reading, whereas the intrinsic/extrinsic motivation is more stable without improvement [18]. Glazzard has found that early diagnosis and positive interaction with peers and teachers can contribute to the positive self-esteem of students with dyslexia [19]. Burden and Burdett has reported that the successful learning of pupils with dyslexia is associated with low levels of 
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depression and learning helplessness and high levels of positive self-efficacy, locus of control and commitment to effort [20]. Only a few factors such as self-efficacy have been considered by prior research regarding the motivation of students with dyslexia with a lack of incorporation of multiple dimensions. 
2.2 Motivational Modeling in E-learning Systems and Technology Acceptance Model Compared to traditional classroom learning, students learning in e-learning systems usually feel less restrictions from tutors or peers, and students can take greater control for their learning experiences and outcome, which meanwhile makes it necessary and imperative to design and apply strategies in e-learning systems addressing users’ motivational needs [21]. Hundreds of motivational strategies have been defined to be adopted by teachers in the language classroom to maintain and increase motivation [22]. However, most e-learning systems have only aimed at improving users’ knowledge and skills. Recently, there has been increasingly more attention drawn to applying motivational strategies in e-learning systems. Several studies have proposed e-learning systems with personalized emotional or cognitive strategies to reduce users’ negative states. For example, Barolli et al. has proposed an interactive web-based e-learning system trying to stimulate learning motivation by incorporating several system functions such as display of learning history, ranking, encouragement and self-determination of learning materials [23]. Alias has designed a Malaysian e-learning environment to scaffold motivation by applying the strategies such as confidence elicitation and effort encouragement [24]. Arroyo et al.’s study has shown the non-invasive interventions using meta-cognitive strategies to promote self-reflection can re-engage users and enhance learning in a tutoring system [25]. However, those strategies to improve users’ motivation lack the support of motivation models or theories.  There have also been a few attempts to design or tailor strategies in e-learning systems based on motivation models or related theories. Hurley [26] has designed an online learning environment with interventions to support users’ self-efficacy and motivation, where the intervention rules were from experts constructed on the basis of Bandura’s social cognitive theory and users’ learning behavior. More adaptive motivational strategies were designed according to Keller’s ARCS model. For example, Chang et al. [27] has embedded motivational strategies in a mobile inquiry-based language learning setting (M-IBL) corresponding to elements of ARCS model, showing the experiment group with the motivational strategies have a higher level of learning motivation. Derbali and Frasson [21] has attempted to assess the effect of motivational strategies embedded in a serious gameplay such as alarm trigger, informative feedback, displaying score to address the factors in ARCS model, and also their study proposed a prediction model using self-reported data and physiological sensor data, which demonstrated the possibility to use dynamic measurements to assess learners’ motivation, and we can also see the possibility to automate personalized output to motivate learners according to their motivational states in real time with a prerequisite of a motivation model to be used to assess learners’ real-time motivational states. However, the theory and model that their studies have used to apply motivational strategies were not constructed in e-learning context, thus failing to include crucial factors. ICT tools including e-learning systems play an important role in supporting dyslexic students, including spell checkers, text-to-speech functionality and speech recognition programs, mostly aiming at improving dyslexic users’ literacy or knowledge skills.  ICT tools applied to dyslexics are listed from a recent literature review [28] including those for reading evaluation and comprehension of texts, software and e-readers used to promote better reading performance in dyslexics. Mobile apps, desktop apps and web apps or extensions can serve as assistive technology to support students with dyslexia and enable them to “learn and 
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function independently” [29]. Lindeblad et al.’s study [30] has found that using assistive technology as applications in smartphones and tablets could help reading-impaired children develop at the same rate as non-impaired ones and increase their school motivation. A growing part of research has attempted to predict continued intention of using e-learning systems, and motivational factors should be regarded as key determinants of the information system acceptance and usage [31]. From this perspective, Technology Acceptance Model (TAM) is the most widely adopted model to explain users’ acceptance of technology by two drivers, perceived ease of use and perceived usefulness [32]. However, this model has been criticized for its overemphasis on extrinsic motivation, so there have been many attempts to extend the model with intrinsic motivation or other factors [33]. For example, the unified theory of acceptance and use of technology (UTAUT) model extended TAM and defined four determinants of technology use intention being performance expectancy, effort expectancy, social influence, and facilitating conditions [34]; however, contradictive results have been shown in recent research where the effect of effort expectancy on the adoption of e-learning systems became insignificant [35]. Increasing interest has been shown in recent research based on TAM. Singh et al. [36] developed a conceptual model and found that ease of use, usefulness, perceived risk, attitude had significant effect on user’s intention and recommendation to use a mobile wallet service. Park et al. [37] recently extended TAM with perceived playfulness and perceived risk for the adoption of digital devices for children education in Korean cases where buyers and users are different entities. Tawafak et al. [38] has integrated academic performance, student satisfaction, support assessment and effectiveness with TAM to explain the continuance of intention to use the universities' learning management systems. Herrador-Alcaide et al.'s study [39] targeted at students of financial accounting and revealed that students’ perception of both e-learning environment and their own skill have effect on their overall feelings of satisfaction. Hanif et al. [40] also extended TAM where subjective norm, perception of external control, system accessibility, enjoyment, and result demonstrability have a positive influence on undergraduate students’ use of e-learning systems. Kimathi and Zhang [41] conducted a study in Tanzania and concluded that subjective norm, experience, enjoyment, computer anxiety are the factors positively influencing perceived usefulness or perceived ease of use that further determine the usage intention of e-learning, while computer anxiety was found to negatively affect students’ behavioral intention to use e-learning in Chang et al.’s research in Azerbaijan [42]. More recently, Mehta et al. [43] and He and Li [44] also extended TAM with human values or cultural differences; the former found the value of achievement being an important predictor of e-learning adoption, and the latter emphasized the need for digital competence training and satisfactory user interface design. It can be seen that researchers focused on different aspects of technology acceptance to make conclusions, and the effects of the factors on adoption of technology are also different in various contexts. Extending TAM with factors from other theories is still an open door for IS scholars, as pointed out by Al-Emran et al. [45]. As discussed before, motivation is a substantial issue especially for dyslexic students, but there have been very few attempts of applying motivational strategies in e-learning systems 
for students with dyslexia. One of the very few papers addressing this for students with dyslexia is an adaptive e-learning framework proposed by Alsobhi et al. [46] involving different dimensions of e-learning support based on TAM and dyslexia types but without consideration of motivation theories. The most motivation-related approach applied to e-learning systems for dyslexia is gamification. For example, Gooch et al. has examined the use of gamification to motivate children with dyslexia, showing that gamification can enhance dyslexic children’s learning motivation [1]. However, their study fails to address more aspects of motivation for dyslexic students in a big picture; additionally, educational games may be boring for the adults with dyslexia though they may work well on dyslexic children [47, 48], 
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and also e-learning systems are more widely available than educational games. Therefore, we believe that research on e-learning systems based on users’ motivation model to provide personalized motivational support have a wider range of users, which is in fact applicable to all generic users certainly including dyslexic users.  In summary, we have discussed theories and models that may offer an insight into users’ motivation to engage in e-learning systems and we have also touched the main strategies applied to e-learning systems based on motivation models or theories. However, research grounded in motivation theories for people with dyslexia has been scarce to date; what is worse, no research exists attempting to model different factors of dyslexic students’ motivation in the e-learning context to our best knowledge, and only a few motivation-related factors have been considered such as gamification and self-efficacy; the design of motivational support for students with dyslexia also lacks the fundamental basis or guidance from empirically tested motivation model in e-learning context.  
Our paper will bring together the aspects of motivation theories and technology acceptance along with real dyslexic users’ views as the ground for motivation modeling in e-learning context. The main aim of the present research is to develop a motivation model for students with dyslexia combining the empirically tested factors from the different perspectives together to determine their continued intention to use e-learning systems, which can be used in future as a basis and guidance for personalization rules to be implemented in e-learning systems to provide motivational support for dyslexic users’ learning enhancement. 
3 QUALITATIVE MOTIVATION MODELING 
3.1 Extended Generic Motivation Model Given the lack of the motivation modeling in e-learning context that combines different perspectives and the gap of modeling particularly for dyslexic users, the motivation model in our study draws insights from technology acceptance, motivation theories and dyslexics characteristics to fill this gap. The qualitative modeling approach is firstly constructing the motivation model by integrating the most important and relevant factors from existing research and theories, and then conducting an empirical study with dyslexic participants followed by qualitative analysis to elicit more factors in real world scenario, and finally incorporating the emerging factors from our empirical study into the model by referring to and inferring from existing literature. In this section, the theories and research inspiring our initial motivation modeling are listed.  
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From the perspective of technology acceptance, we firstly adopt Chang et al.’s extended TAM and Larsen et al.’s extended post-acceptance model.  Chang et al. has extended TAM by introducing perceived convenience and playfulness into TAM that influence continued use intention for a mobile learning system [33]. Larsen et al.’s extended post-acceptance model [49] explains users’ continued intention to use an information system (IS) with users’ overall satisfaction that is influenced by their perception of usefulness and confirmation of initial expectation, stating that utilization level is positively associated with IS continuance intention and perceived task-technology fit, with the latter positively associated with perceived usefulness. They were included in our model because one of the dyslexic users’ main goals of engaging in e-learning systems is to satisfy their learning needs, so they need to perceive the system to fit their learning needs and preference, and also perceived enjoyment and perceived convenience of using the system can compensate for the learning difficulties that may be more easily experienced by dyslexic users than those without dyslexia during their learning process. Many other factors still need to be investigated to verify the effectiveness of their role to extend TAM [45], and factors that determine technology acceptance are likely to change with the target users and context [50, 51]. Therefore, though the abovementioned two models are believed to be the most relevant and appropriate to our research context and target users, we have also benefited from motivational theories to establish the model in addition to the perspective of technology acceptance, and then conducted empirical studies with target users with dyslexia to further explore and confirm the model. Drawn insights from existing research in the fields of motivation, we also extend the model that combines the two existing models mentioned above by including technology self-efficacy (also referred to as self-efficacy in the following text), visual attractiveness, attitudes toward school and feedback as components that might affect the continued use intention for e-learning systems. Except that visual attractiveness is an extrinsic factor reflecting system features, the other three factors all reflect intrinsic motivation to compensate for the lack of intrinsic factors in the two models. The positions of the factors in the model can be seen in Fig. 1. Venkatesh’s study [52] has indicated that computer self-efficacy acts as a component to support users’ perceived ease of use of a system. Lee et al. has also attempted to relate motivation to technology acceptance and confirmed perceived enjoyment and technology self-efficacy to be components of intrinsic motivation, and users could be intrinsically 
 
Fig. 1. The ini�al mo�va�on model from the qualita�ve approach for dyslexic students’ con�nued 
inten�on of using e-learning systems. 
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motivated through curiosity, enjoyment, or self-efficacy [53]. Furthermore, self-efficacy is associated with perceived competence that is also a component of intrinsic motivation and can affect perceived ease of use and perceived enjoyment [12], so we made two arrows from self-efficacy to perceived ease of use and to perceived enjoyment respectively. Visual attractiveness of the system can contribute to the perceived usefulness and entertainment value of a system [31], so we made two arrows from visual attractiveness to perceived usefulness and to perceived enjoyment respectively. Attitudes toward school might also intrinsically regulate the learning behavior of students with dyslexia with assistive e-learning systems [3], since it has been found that attitudes toward school contribute significantly to the prediction model of information seeking behavior [54], and if a user has negative attitudes toward school, i.e., feeling that learning is boring or useless, more possibly the user will find the e-learning system less useful and less enjoyable, so we added two arrows from attitudes toward school to perceived enjoyment and to perceived usefulness respectively. Additionally, feedback is also one of the components of intrinsic motivation [12], which is usually output by systems in format of text, sound or animations during the interaction process. Feedback output by systems to users can have multiple purposes, informative or entertaining, which will help with users’ involvement and interaction with the system and further result in users’ perceived enjoyment and confirmation of expectation and thus the overall satisfaction of the system, so we added three arrows from feedback to perceived enjoyment, confirmation and satisfaction respectively. 
3.2 Towards a Dyslexia-oriented Motivation Model While insights were drawn from different perspectives in literature, it is worth noting that the target user group in our research is students with dyslexia, so we conducted a small-scale empirical study directly with 11 young dyslexic users with the age of 14-16 in Norway to elicit the motivational factors in real world scenario. The first-hand data collected in this study will help us better understand what factors (and why) motivate or inhibit their motivation to use an e-learning system [3]. In the study, the participants were provided with a prototype of mobile learning software called mYoutime (see Fig. 2) to allow them to be observed with a full picture and foster understanding of their acceptance of the learning software, and the software has built-in scientific lessons designed by experienced scientific teachers with each lesson lasting around 15 minutes. Firstly, the study adopted a between-subject design by separating the participants into two groups randomly. The only difference between the two groups is whether there is a button in the software for users to allow the text in the learning materials to be read aloud. Each participant was asked to do four learning tasks in the learning software. Each lesson is a learning task comprising of text, audio (same content as the text, only for one of the two groups), videos and multiple-choice questions as quizzes in between. Secondly, in-depth 
interviews were conducted individually to collect �irst-hand data on users’ learning experience, motivations or barriers they had in the learning process. Interview questions were designed about the general problems of the participants’ daily learning experience and 
 
Fig. 2. An example of learning materials with text and audio (a 
button to read aloud the text) and feedback showing a quiz 
correctly answered in mYouTime. 
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their speci�ic experience about the software. Finally, all participants were asked to compare two versions of the feedback output to user by the learning software, one version is immediate feedback to indicate if an answer is correct (check mark) or not (cross mark) when a user is doing multiple-choice questions in the software; the other version is with badges and face expressions besides the check marks and cross marks to inform users about the correctness of their answers along with the function of allowing users to see the levels they have achieved. Data analysis consists of three stages. Firstly, the interviews were transcribed and translated from Norwegian into English. The two groups were compared about the difference of the users’ reading experience, and the opinions and experience for the two versions of feedback were compared for all users. Secondly, motivations and barriers of using the learning software were identified and extracted from the transcripts and then linked to corresponding motivations in literature using paper coding and thematic approaches. In case no match could be found in literature, a new theme would then be identified. The interviews were then coded and analyzed using NVivo 10 to improve the objectivity and rigor of the analysis. Nodes were created for the themes identified and references to each theme were examined. In the last stage, the emerging factors from the interview were incorporated into the motivation model.  We found that all participants preferred the version of feedback with badges and levels compared with the other version that only provides information about the correctness of their answers to the quizzes, and they felt more fun with it and thought that they would be more motivated with the feedback and try harder to achieve a higher level. From the study, we found the most frequently mentioned motivational factors are learning experience (34.3%), feedback (17.9%), reading experience (14.9%), and perceived usefulness (10.4%), followed by perceived convenience (6.0%), perceived fit (4.5%), perceived enjoyment (4.5%), perceived ease of use (3.0%), perceived control (3.0%) and perceived privacy (1.5%). The motivational factors that have emerged from our empirical interview with dyslexic students are learning experience, reading experience, perceived control and perceived privacy.  Integrating the perspectives of technology acceptance, motivation theories, and dyslexics characteristics, the initial motivation model developed using the qualitative approach is specified in Fig.  1.  In short, our qualitative motivation model is established by integrating the extended post-acceptance model [49] with the extended TAM [33] and incorporating the factors inspired from prior interdisciplinary research to adapt to the characteristics of students with dyslexia to explain their motivation in e-learning context, i.e., continued use intention for e-learning systems; more importantly, the motivation model we developed also extends the prior theories and research by incorporating learning experience, reading experience, perceived control and perceived privacy that emerged from our small-scale empirical study. The four factors emerging from the interviews with dyslexic students are discussed in more details in the next subsection. 
3.3 Factors emerging from the interviews with dyslexic students Learning experience relates to the main purpose of any e-learning systems but it has been rarely considered into the motivation model to explain users’ intention of continued usage. Comments from the participants about learning experience involves the general understanding of the learning materials in terms of the difficulty level and the experience about the presentation way which refers to text, audio and videos in our context, and most participants preferred the videos compared with other formats of learning materials and experienced more fun when learning with videos, so we included learning experience into our model in Fig. 1 and linked it to perceived usefulness and perceived enjoyment. There were still problems experienced by a couple of participants when learning with videos, indicating 
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the videos also need to be tailored to fit individuals’ learning needs in addition to the difficulty level of learning materials; for example, some participants preferred clearer and more elaborated learning contents to be presented, while others put more value on the enjoyable, pleasant experience in their learning process.  
One of the main features of students with dyslexia that differentiate them from the other students is their difficulty in reading, which can explain why reading experience emerged as a separate factor from learning experience, but we still considered it to overlap with learning experience, as reflected in our model. Two features of the learning software regarding reading experience was examined, read aloud and text length. We found that having text read aloud or not played an important role in users’ reading experience, as participants in the group without the function did not have a positive reading experience, and two of them mentioned that it would be better if the lessons could be read aloud, whereas those in the other group had a better reading experience and all of them that had seen the button did use it for the text to be read aloud. Comments about the text length were inconsistent: some participants hoped it could be longer, while the others liked shorter paragraphs. Therefore, the text length is supposed to be personalized in the learning materials to meet different learners’ needs.  Perceived control indicates users’ freedom to actively manipulate the system to progress or users’ sense of autonomy in the interaction process, and also control is treated as a part of ease of use in Venkatesh’s model [52], so we added the relationships into our model to indicate that self-efficacy, i.e., confidence in using the system in our context, can influence perceived control that is associated with perceived ease of use. In our empirical study, the issue of perceived control found is mostly about “undo/redo”. Participants had only one chance to select an answer and could not change the answer before submitting, which led to some negative feelings about their perceived control of the interaction process. Perceived privacy involves users’ privacy concern, indicating that dyslexic students may need more private space for learning to avoid peer comparison and potential frustration, for their relatively high possibility of falling behind others, which can potentially cause frustration [55]. The participant who proposed the positive perceived privacy of using a smartphone preferred e-learning using small screens over that based on large screens and usually used in classrooms, and the portability and accessibility of the device used for e-learning was also emphasized by the participant who valued privacy, so we added a relationship between perceived privacy and perceived convenience in our model. 
4 QUANTITATIVE MOTIVATION MODELING Starting with the qualitative motivation model, the objective of the quantitative modeling is to further investigate how the constructs function together to impact on users’ motivation of continual usage of e-learning systems. The relationships between constructs in the qualitatively constructed model (Fig. 1) was hypothesized or inferred based on prior research and related models, but we can hardly confirm or identify the causal relationships between the constructs in the model without quantitative data analysis, as the existing research or models have either a different target group rather than students with dyslexia or a different research context rather than e-learning systems; Therefore, it is also expected the relationships between the constructs in our model will be modified and refined with the guidance from quantitative data analysis given the shortage of theoretical references. Combining Structural Equation Modeling (SEM) with theoretical backbones, we aim to examine how the different constructs relate to each other and modify the relationships between them accordingly. SEM represents a set of statistical techniques including Confirmatory Factor Analysis (CFA) and path modeling [56, 57]. SEM has been suggested to be treated more as CFA rather than Exploratory Factor Analysis (EFA) with multiple 
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regression, as it is more a theory-driven confirmatory technique, but it can also be used for exploratory purposes [58]. In the present study, we used SEM not only for confirmatory purposes starting with our model in Fig. 1, but also combined with exploratory purposes because the model developed using the qualitative approach needs more evidence or re-exploration of the relationships between the constructs with the guidance of quantitative data analysis. While CB-SEM is primarily a confirmatory method, PLS-SEM is preferred to be used for exploratory research [59]. In the present study, both CB-SEM and PLS-SEM are used, and the results are compared.  
4.1 Questionnaire Design 
Our quantitative model development is started with questionnaire design to measure motivational factors and their interrelationships, followed by modification process through quantitative data analysis. All the questionnaire items used a 5-point Likert-type scale, 
ranging from “strongly disagree” (i.e., “1”) to “strongly agree” (i.e., “5”). Our questionnaire items were mostly part of the reliable measurement instruments, collected from acknowledged literature with a few changes to reflect our specific research context (see Appendix). The emerging factors from our empirical study with students with dyslexia (i.e., learning experience, reading experience, perceived control and perceived privacy) were operationalized ourselves according to the definitions mentioned before and our e-learning context for dyslexic users. The questionnaire was then translated into Norwegian and several items were removed to avoid redundancy and confusion after expert review.  Finally, a pre-test was conducted to assess the wording and interpretability of the questionnaire with four Norwegian students from Dyslexia Norway. As suggested, we added optional fields for open comments under each question.  
4.2 Sampling and Data Collection 
Our sample were from the Norwegian student members of Dyslexia Norway (Dysleksi Norge), an organization founded in 1976 that works for people with reading and writing difficulties, language difficulties and math problems. Eventually 88 young respondents filled in the online questionnaire. Table 1 displays the sample demographics. The online survey using Google Forms was distributed through email circulated by Dyslexia Norway to the student members. They were invited to participate voluntarily in an online questionnaire (see Fig.  3 for a screenshot). The respondents were asked to click on the link in the email leading to the questionnaire, and it takes 10-20 minutes to complete all the questionnaire items. 
4.3 Data Analysis 
 
Fig. 3. A screenshot of the online questionnaire. 
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The items used in our 5-point multi-item questionnaire are not completely from acknowledged literature; instead, they have been adapted to our specific research context, and the items measuring the emerging factors identified from our qualitative study are designed by ourselves. Therefore, the dimension reduction is necessary in the case of redundancy to reduce our data to a smaller set of more representative summary variables, so we employed EFA to assess the sampling adequacy for each construct in the model, i.e., each subscale of the questionnaire measuring one motivational factor. Furthermore, due to the qualitative nature of the starting model in Fig. 1, as mentioned before, our quantitative modeling is to collect the multi-item questionnaire data to test the significance of the impact of the constructs in the model and to further explore/confirm the relations between constructs in the model. Therefore, we performed SEM analysis to estimate the measurement model, i.e. to specify the reliability of the measured constructs in the model, and the structural model, i.e. to show the interrelationships between the constructs as a succession of structural equations. As most techniques of SEM require the assumption of multivariate normality, we tested the normality of the data of each scale that measures one factor using Shapiro-Wilk tests of normality before applying SEM. The score of each factor was calculated by averaging the scores of the questionnaire items measuring the factor. Results suggested that the data were non-normally distributed using Shapiro-Wilk test except data for the factor “utilization” (p=0.072). Thus, we treated the data as non-normal 
distribution. Given that our data set does not meet the normality assumption, we also used PLS-SEM which does not require normal distribution in addition to applying a bootstrapping procedure in CB-CEM. Furthermore, in the case of our small sample size of 88 participants, PLS-SEM has always larger or equal statistical power [60]. Therefore, we use both CB-SEM in 
AMOS 22.0 [61] and PLS-SEM in SmartPLS 3.2 [62] for our modeling and also for examining if there is any noteworthy different finding.    As stated by Goodhue et al. [63], no matter which statistical technique is used, the objectives are identical, which are 1): to ensure the reliability and validity of the measurement model; 2) to examine the statistical significance of the paths in the structural model. In CB-
Table 1.  Sample demographics (n=88) 
 
Measure Items  Frequency Percent 
Gender  
 
 
Age 
 
 
 
Diagnosis 
 
 
 
 
E-learning systems used 
 
Usage 
 
 
 
 
Training and Support 
Male 
Female 
 
13-16 
17-19 
>19 
 
Dyslexia 
Other specific language difficulties 
Not tested  
 
Reading and writing programs (e.g. LingDys, CD-ord) * 
Learning management systems (e.g. Itslearning, Blackboard) * 
 
Every day * 
In all classes * 
At home doing homework * 
At home in leisure time * 
 
have been trained * 
have teacher’s help * 
26 
62 
 
42 
4 
42 
 
82 
5 
1 
 
88 
79 
 
52 
27 
45 
25 
 
32 
16 
29.5% 
70.5% 
 
47.7% 
4.5% 
47.7% 
 
93.2% 
5.7% 
1.1% 
 
100% 
89.8% 
 
59.1% 
30.7% 
51.1% 
28.4% 
 
36.4% 
18.2% 
* Items are not exclusive of each other. 
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CEM approach, the overall model fit was reflected by the Chi-square test. A non-significant Chi-square indicates an acceptable model fit; however, as Chi-square statistic is prone to sample size [64], supplementary fit indices were suggested. Therefore, we also used CMIN/DF (Chi-square divided by degree of freedom), the comparative fit index (CFI) as our supplementary incremental fit index to examine the covariance structures and the root mean-square error of approximation (RMSEA) as a measure of absolute fit index. In contrast, the classic measures for CB-SEM are not applicable in PLS-SEM approach [65], and the most commonly used measures are R2 (explained variance), f2 (effect size) and Q2 (predictive relevance) [9]. 
4.3.1 Dimension Reduction. EFA was run using the principle components analysis in SPSS 22.0. The data passed the thresholds for sampling adequacy (KMO MSA 0.745, Bartlett’s test of sphericity 6080.583, P<0.001). The items underlying factors “perceived enjoyment”, “perceived convenience” and “satisfaction” were removed, since they demonstrated high cross-loadings in another factor “perceived ease of use”. The three factors also had a very high correlation with each other (r bigger than 0.8); “con�irmation” and “perceived �it” were combined into one factor as “con�irmed �it” representing users’ con�irmation of expected �it between systems and users, because the items of “con�irmation” loaded high in “perceived �it” and vice versa, and there was also a high correlation between the two factors (r bigger than 0.8).  A possible explanation is that the enjoyment was introduced from gaming environment which is not very applicable in the current e-learning context, and perceived convenience, confirmation, satisfaction, perceived fit and perceived ease of use were so highly correlated with each other that they cannot be well differentiated from each other using the questionnaire items in the context of e-learning systems.   After eliminating or combining the factors mentioned above, the rest twelve factors explained 61.3% of the variance in “continued use intention”. As such, preliminary evidence for convergent validity and discriminant validity was provided. The rest twelve factors (i.e., model constructs) were then used to run the CB-SEM and PLS-SEM.  4.3.2 Measurement Model. In both CB-SEM and PLS-SEM, the measurement model is assessed with indicator reliability (i.e., items’ factor loadings), internal consistency reliability, convergent validity and discriminant validity. Therefore, the results from both approaches are presented and compared in Table 2. We evaluated the internal consistency by computing the Cronbach’s alpha and composite reliability. In case that the alpha value of a factor is less than the recommended threshold 0.7 [66], we removed the items underlying the factor which were uncorrelated with the factor score and recalculated the score for the factor (see details of the items removed in Appendix), and all Cronbach’s alpha’s were bigger than 0.7 after the 
 
Fig. 4. New hypothesis motivation model. 
Page 17 of 77
ACM TiiS: For Review Only
Transactions on Interactive Intelligent Systems
1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
33
34
35
36
37
38
39
40
41
42
43
44
45
46
47
48
49
50
51
52
53
54
55
56
57
58
59
60
39:14  Ruijie Wang, Liming Chen and Ivar Solheim  
ACM Trans. xx., Vol. x, No. x, Article xx. Publication date: xxxx. 
items were removed. The convergent validity was assessed with Average Variance Extracted (AVE) values, and we removed another two items under “learning experience” whose AVE value was less than the threshold 0.5 [67] and recalculated its score, and we also removed an item under “utilization” whose factor loading was less than 0.5 [66] (see Appendix). Afterwards, all factor loadings (the minimum one for each construct shown in Table 2), AVEs, Cronbach’s alpha’s and composite reliabilities exceeded the threshold values, reconfirming the validity and reliability of the measures.   Then, the individual AVEs were examined and compared with the squared correlations among the factors, see Table 3. Each factor’s individual AVE surpassed the values of the squared correlations between the factor and the other factors, so discriminant validity was reconfirmed according to Fornell-Larcker criterion [67]. CB-SEM and PLS-SEM generated very similar values shown in Table 2 and Table 3, leading to the consistent results. 
Finally, we tested common method bias by conducting Harman’s single-factor test. Firstly, we loaded all measurement items into one EFA principle component analysis and fixed the number of factors to be extracted as one, the result showed the factor only explained 33.521% of the variance rather than a majority, no indication for common method bias was found. 
Secondly, we conducted a CFA in AMOS 22.0 to assess the fit of a single factor model by loading 
Table 2. Reliability and Convergent Validity Sta�s�cs 
 
Factors (i.e., 
constructs) a 
PU PE CF F 
 
VA 
 
UT SE AS PC PP LE RE UI 
Reco
mme
nded  
Cron
bach’
s 
Alph
a 
CB-
SEM 0.922 0.899 0.95 0.865 0.763 0.716 0.821 
0.367
*         
0.844
** 
0.468
*              
0.760
** 
0.549
*        
0.709
** 
0.7 0.931 0.818 
> 0.7 
PLS-
SEM 0.922 0.902 0.971 0.866 0.764 0.726 0.822 
0.459
*         
0.846
** 
0.463
*         
0.765
** 
0.557
*         
0.708
** 
0.728 0.932 0.819 
Com
posit
e 
Relia
bility 
CB-
SEM 0.945 0.933 0.961 0.909 0.864 0.835 0.871 0.907 0.895 0.837 
0.810
*         
0.863
** 
0.952 0.893 
> 0.7 
PLS-
SEM 0.945 0.931 0.975 0.909 0.86 0.824 0.869 0.906 0.895 0.825 
0.814
*         
0.897
** 
0.951 0.892 
AVE 
CB-
SEM 0.813 0.779 0.803 0.716 0.681 0.587 0.532 0.765 0.81 0.632 
0.419
*         
0.676
** 
0.831 0.715 
> 0.5 
PLS-
SEM 0.813 0.772 0.813 0.714 0.673 0.584 0.528 0.763 0.809 0.617 
0.414
*         
0.686
** 
0.831 0.734 
mini
mum 
factor 
loadi
ng  
CB-
SEM 0.803 0.716 0.84 0.767 0.789 
0.294
*         
0.712
** 
0.701 0.836 0.9 0.752 0.798 0.877 0.823 
> 0.5 
PLS-
SEM 0.798 0.787 0.842 0.758 0.708 
0.197
*    
0.823
** 
0.63 0.807 0.887 0.615 0.805 0.872 0.825 
* The value before removing the item(s); ** the value after removing the item(s). 
aF =Feedback, LE=Learning Experience, RE =Reading Experience, Utilization =UT, SE =Technology Self-efficacy, PE=Perceived Ease of Use, CF=Confirmed Fit, PP =Perceived Privacy, PU =Perceived Usefulness, PC =Perceived Control, VA=Visual Attractiveness, AS =Attitudes Toward School and UI =Continued Use Intention. 
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all items on one factor, the single factor model had very poor fit (CMIN/DF=45.002; RMSEA=0.711), which again indicated that common method bias was unlikely to be an issue. For PLS-SEM, a full Collinearity test is an effective approach to the identification of common method bias, which is indicated by the occurrence of VIF values greater than the 3.3 threshold [68]. The VIF values generated for all latent variables were checked in SmartPLS with the biggest VIF value being 1.541, reconfirming no contamination of common method bias. 
 
4.3.3 Structural Model. As we had twelve factors left after the aforementioned modification, we modified the motivation model resulting from our qualitative modeling by redirecting the arrows which pointed to the factors removed previously and pointing them to the corresponding factors in which the removed items demonstrated high cross-loadings. The modified model is displayed in Fig. 4. It was claimed in prior research that learning experience in ICT use should be optimized without intruding on learners' privacy [69, 70, 71], so we hypothesized that privacy perception had an impact on learning experience. Feedback was initially hypothesized to have associations with overall satisfaction and perceived enjoyment, but the two factors were removed as they had high correlations with perceived ease of use, and it was found that emotional feedback had a significant influence on perceived ease of use when the use intention for computer based assessment was studied [72], so we expected that feedback had an impact on perceived ease of use. Finally, the general learning experience with the e-learning system was hypothesized to impact on continued use intention in addition to perceived usefulness.  
Table 3. Discriminant validity: AVEs versus cross-construct squared correla�ons 
 
CB-SEM 
 PU PE CF F VA UT SE AS PC PP LE RE UI 
PU 0.813             
PE 0.524 0.779            
CF 0.531 0.659 0.803           
F 0.139 0.091 0.130 0.716          
VA 0.074 0.081 0.149 0.305 0.681         
UT 0.040 0.030 0.022 0.079 0.241 0.587        
SE 0.058 0.083 0.104 0.043 0.092 0.104 0.532       
AS 0.078 0.060 0.053 0.029 0.035 0.061 0.050 0.765      
PC 0.106 0.194 0.219 0.130 0.147 0.130 0.226 0.036 0.810     
PP 0.022 0.010 0.038 0.100 0.057 0.071 0.070 0.071 0.038 0.632    
LE 0.026 0.047 0.070 0.085 0.110 0.049 0.071 0.203 0.095 0.166 0.676   
RE 0.303 0.288 0.389 0.143 0.255 0.151 0.154 0.052 0.202 0.104 0.198 0.831  
UI 0.118 0.051 0.097 0.154 0.399 0.286 0.120 0.149 0.078 0.075 0.154 0.350 0.715 
PLS-SEM 
 PU PE CF F VA UT SE AS PC PP LE RE UI 
PU 0.813                         
PE 0.588 0.772                       
CF 0.593 0.717 0.813                     
F 0.127 0.093 0.116 0.714                   
VA 0.095 0.094 0.166 0.288 0.673                 
UT 0.105 0.044 0.069 0.094 0.281 0.760               
SE 0.070 0.132 0.181 0.074 0.194 0.183 0.528             
AS 0.048 0.065 0.092 0.061 0.116 0.108 0.167 0.763           
PC 0.130 0.182 0.248 0.135 0.181 0.176 0.299 0.103 0.809         
PP 0.023 0.016 0.054 0.068 0.078 0.136 0.148 0.135 0.063 0.617       
LE 0.052 0.079 0.123 0.048 0.203 0.118 0.268 0.381 0.168 0.255 0.686     
RE 0.323 0.288 0.382 0.149 0.095 0.256 0.224 0.100 0.236 0.112 0.283 0.831   
UI 0.136 0.076 0.104 0.158 0.445 0.332 0.190 0.187 0.101 0.080 0.264 0.406 0.734 
Bold scores (diagonal) are the AVEs of the individual constructs; of the diagonal are the squared correlations 
between the constructs; refer to Table 2 for the short names. 
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 The structural model was assessed via SEM. PLS-SEM approach depends on the bootstrap 
procedure to evaluate the significance of the path estimates, and 1000 bootstrap replication samples were drawn with replacement from the data set.   As the data was not normally distributed, the bootstrapping techniques with 1000 replication samples were also employed in CB-CEM, so that we could correct bias and refer to the fit indices though it did not reach the standards, as suggested by prior research [56]. In CB-SEM, it was suggested that a CMIN/DF ratio of approximately 5 or less be used as an indicator of reasonable fit [73], while another researcher claimed that the ratio should be less than 3 to be acceptable [74]. CFI values close to 0.95 was suggested to be an acceptable fit between the model and the data, and RMSEA values close to 0.06 was suggested to be a good fit [75]. Therefore, it is implied that the fit of the model is poor (DF=61, Chi-square = 326.292, p<0.001, CMIN/DF=5.349, CFI= 0.516, RMSEA=0.223), suggesting modifications to the model. In PLS-SEM, R2 measures the overall 
Table 5. Modiﬁca�on of rela�ons between constructs in PLS-SEM 
 
Action Relations According to  
Deleted 
 
 
 
 
 
 
Perceived Ease of Use  Self-efficacy 
Perceived Usefulness  Visual Attractiveness 
Confirmed Fit  Attitudes Toward School 
Perceived Ease of use  Feedback 
Continued Use intention  Learning Experience 
Utilization  Confirmed Fit 
Perceived Usefulness  Learning Experience 
Continued Use Intention  Utilization  
Standardized path coefficients and t 
values/p values (not significant at 
95% confidence level) 
Added  Perceived Ease of Use  Confirmed Fit;  
Visual Attractiveness  Utilization;  
Attitudes Toward School  Learning Experience;  
Perceived Control  Utilization 
Perceived Privacy  Utilization 
Reading Experience  Continued Use Intention 
Feedback  Visual Attractiveness 
Feedback  Perceived Control 
Self-efficacy  Visual Attractiveness 
Utilization  Reading Experience 
Confirmed Fit  Reading Experience 
Visual Attractiveness  Continued Use Intention 
Spearman’s 
correlation test (significant at 95% 
confidence level); Interpretability  
Table 4. Modiﬁca�on of rela�ons between constructs in CB-SEM 
 
Action Relations According to  
Deleted 
 
 
 
 
 
 
Perceived Ease of Use  Self-efficacy; 
Perceived Usefulness  Visual Attractiveness; 
Confirmed Fit  Attitudes Toward School; 
Perceived Ease of use  Feedback; 
Continued Use intention  Learning Experience; 
Utilization  Confirmed Fit; 
Perceived Usefulness  Learning Experience 
Bias-corrected 
standardized regression 
weights (i.e., path 
coefficients) and p values 
(not significant at 95% 
confidence level) 
 
Added  Perceived Ease of Use  Confirmed Fit; Visual Attractiveness  Utilization;  
Attitudes Toward School  Learning Experience; Perceived Control  Utilization; 
Perceived Privacy  Utilization; Reading Experience  Continued Use Intention; 
Feedback  Visual Attractiveness; Feedback  Perceived Control; 
Self-efficacy  Visual Attractiveness; Utilization  Reading Experience; 
Confirmed Fit  Reading Experience; Visual Attractiveness  Continued Use Intention; 
Attitudes Toward School  Continued Use Intention 
Modification indices; 
Interpretability  
 
Added Self-efficacy  Perceived Privacy; 
Attitudes Toward School  Perceived Privacy; 
Self-efficacy  Attitudes Toward School 
Spearman’s 
correlation test (significant 
at 95% confidence level); 
Interpretability 
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effect size and variance explained in the endogenous construct for the structural model, with a value of 0.75 considered as substantial and of 0.26 considered as weak [76, 77]. Stone-Geisser Q2 (also called Q2) greater than 0 indicates predictive relevance [78, 79]. Q2 value of 0.02 means small effect size, and 0.35 means good effect size [77]. The motivational consequence we care for (i.e., continued use intention) was explained with 44.4% of the variance by the hypothesis structural model in Fig. 4 and the Q2 value is 0.287, so both R2 and Q2 have a medium value indicating the potential for improvement. The modifications of the structural model might be different according to the results from the two approaches, so the following analyses are shown separately for CB-SEM and PLS-SEM before we compare the results of the structural model. In CB-SEM, based on the result of bias-corrected regressions, some causal relations were not significant, so their connections were deleted, while some paths were added as suggested by the modification indices and the results of Spearman’s correlation test as well as the interpretability of the causal relationships (details displayed in Table 4). In summary, perceived ease of use has an impact on confirmed fit; visual attractiveness has an effect on utilization; learning experience is affected by attitudes toward school; perceived control of the system influences the utilization of system functions; perceived privacy affects the utilization of system functions, as it may generate discomfort about privacy concern of users; 
Table 6. CB-SEM and PLS-SEM Results Comparison 
 
Relations 
CB-SEM PLS-SEM 
Path Coefficients ß Path Coefficients ß Effect Size f2  
Attitudes Toward School  Learning Experience 0.481** 0.520** 0.459 
Confirmed Fit  Reading Experience 0.470** 0.452** 0.402 
Feedback  Perceived Control 0.254* 0.246* 0.086 
Feedback  Visual Attractiveness 0.464** 0.449** 0.302 
Learning Experience  Reading Experience 0.320** 0.255* 0.122 
Perceived Control  Perceived Ease of Use 0.409** 0.425** 0.221 
Perceived Control  Utilization 0.231* 0.217* 0.060 
Perceived Ease of Use  Confirmed Fit 0.594** 0.588** 0.638 
Perceived Ease of Use  Perceived Usefulness 0.740** 0.755** 1.325 
Perceived Privacy  Learning Experience 0.305** 0.314** 0.168 
Perceived Privacy  Utilization 0.217* 0.211* 0.064 
Perceived Usefulness  Confirmed Fit 0.302** 0.283* 0.147 
Reading Experience  Continued Use Intention 0.315** 0.375** 0.209 
Self-efficacy  Perceived Control 0.489** 0.478** 0.326 
Self-efficacy  Visual Attractiveness 0.294* 0.321* 0.155 
Utilization  Reading Experience 0.312** 0.304** 0.183 
Visual Attractiveness  Confirmed Fit 0.142* 0.142* 0.078 
Visual Attractiveness  Continued Use Intention 0.344** 0.457** 0.310 
Visual Attractiveness  Utilization 0.354** 0.377* 0.177 
aAttitudes Toward School  Continued Use Intention 0.176* Non-existing due to insignificance 
aUtilization  Continued Use Intention 0.190* Non-existing due to insignificance 
aSelf-efficacy  Attitudes Toward School b0.397** Not Applicable 
aPerceived Privacy  Attitudes Toward School b0.333* Not Applicable 
aSelf-efficacy  Perceived Privacy b0.340* Not Applicable 
All path coefficients are standardized; apaths only existing in the model resulted from CB-SEM; bcorrelation estimates; 
*significant at 0.05 level; ** significant at 0.001 level. 
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reading experience, attitudes toward school and visual attractiveness directly affect dyslexic users’ continued use intention; feedback affects users’ visual perception and perceived control during interaction process; a system tends to be perceived less attractive by users with low confidence in using the system, consistent with the case of top-bottom information processing; the utilization of system functions and confirmed expectation of the system-user fit help bring about positive reading experience; also, based on Spearman’s correlation test, we added correlations between three intrinsic factors, indicating self-efficacy, attitudes toward school and perceived privacy are inter-correlated.  In addition, as mentioned before, reading experience is crucial to dyslexic students so we separated it from learning experience. We reversed the original relation between them given the bias-corrected regression estimates in AMOS. Comparing two possible causal relations, we found that learning experience has a bigger effect on reading experience (unstandardized ß=0.421, p<0.001) compared to the other reverse way (unstandardized ß=0.221, p< 0.001), this may be because that learning need is directly related to the eventual purpose of the usage; therefore, as users’ learning expectation is fulfilled, the reading is also likely to be recalled as a positive experience. An examination of the indices of fit suggested that the modified model adequately fitted the data (Chi-square=73.522; DF=54; probability level=0.04; CMIN/DF=1.362; CFI=0.964; RMSEA=0.064), the standardized version of the final model is displayed in Fig.  5. 
 
  
 
Fig. 5. CB-SEM result model of dyslexic users’ motivation to engage in e-learning systems. All paths are significant (i.e., 
p<0.05, standardized ß is shown in the diagram). 
Page 22 of 77
ACM TiiS: For Review Only
Transactions on Interactive Intelligent Systems
1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
33
34
35
36
37
38
39
40
41
42
43
44
45
46
47
48
49
50
51
52
53
54
55
56
57
58
59
60
Modeling Dyslexic Students’ Motivation for Enhanced Learning in E-learning Systems  xx:x  
 ACM Trans. xx., Vol. x, No. x, Article xx. Publication date: xxxx. 
 In PLS-SEM, firstly the insignificant paths between constructs were removed according to the path coefficients and its significance level through the T-statistics test using the bootstrapping procedure mentioned above. The removed paths and the statistics are detailed in Table 5. Meanwhile, adding paths to or from the removed constructs are necessary to remain the constructs with the predictive relevance through direct or indirect connection to continued use intention in the model for further analysis instead of removing them imprudently, the paths added were also supported by Spearman’s correlation test and interpretability; each time a path was added, it was tested in PLS-SEM and might be removed in case an added path was found as insignificant in terms of the path coefficients in PLS-SEM. The final modifications are detailed in Table 5. Same as that in CB-SEM, the path from reading experience to learning experience was reversed to ensure that both constructs have a predictive relevance on continued use intention through a direct or indirect effect, since the effect of learning experience on continued use intention was found insignificant and thus removed. Compared with CB-SEM, the differences of the results are twofold: 1) two paths  (i.e., Attitudes Toward School  Continued Use Intention; Utilization  Continued Use Intention) are only significant in the model resulted from CB-SEM, whereas they do not exist in the model resulting from the PLS-SEM analyses due to insignificance; 2) the arrows in PLS-SEM are always single headed and it cannot model undirected correlations [80], so the three correlations in CB-SEM approach between the constructs, namely attitudes toward school, self-efficacy and perceived privacy were not re-examined in PLS-SEM approach. What is worth mentioning is that the two paths that were significant in CB-SEM approach were not very insignificant though they were removed from the model in PLS-SEM approach; instead, they were insignificant but close to the significance threshold at 0.05 level (p value is 0.073 and p=0.052 for the effect of attitudes toward school and utilization on continued use intention, respectively).   
Table 7. Standardized Direct, Indirect and Total Eﬀect on Con�nued Use Inten�on 
 
 Direct Effect Indirect Effect Mediators Mediation Type  Total Effect 
 
CB-
SEM 
PLS-
SEM 
CB-
SEM 
PLS-
SEM CB-SEM PLS-SEM 
CB-
SEM 
PLS-
SEM 
CB-
SEM 
PLS-
SEM 
Attitudes Toward 
School 
0.17
6 
indirect 
only 
0.04
8 0.05 RE, LE partial full 0.225 0.05 
Confirmed Fit indirect only 
0.14
8 0.169 RE full 0.148 0.169 
Feedback indirect only 
0.24
6 0.255 RE, CF, UT, PE, PC, PU, VA  full 0.246 0.255 
Learning 
Experience indirect only 
0.10
1 0.096 RE full 0.101 0.096 
Perceived 
Control indirect only 
0.11
6 0.082 RE, CF, UT, PE, PU full 0.116 0.082 
Perceived Ease 
of Use indirect only 
0.12
1 0.136 RE, CF, PU full 0.121 0.136 
Perceived 
Privacy indirect only 
0.09
3 0.054 RE, LE, UT full 0.093 0.054 
Perceived 
Usefulness indirect only 
0.04
5 0.048 RE, CF full 0.045 0.048 
Reading 
Experience 
0.31
5 0.375 direct only no mediation no mediation 0.315 0.375 
Self-efficacy indirect only 
0.19
4 0.208 RE, CF, UT, PE, PC, PU, VA full 0.194 0.208 
Utilization 0.19 
indirect 
only 
0.09
8 0.114 RE partial full 0.288 0.114 
Visual 
Attractiveness 
0.34
4 0.456 
0.12
3 0.067 RE, CF partial 0.467 0.523 
All effects are signi�icant at 0.05 level; refer to Table 2 for the short names. 
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As already mentioned, the common measures in PLS-SEM to evaluate a model are different 
from those in CB-SEM. R2 value for continued use intention in our model is 0.543, indicating 54.3% of the variance in continued use intention is explained by the model, which is pretty good as values above 0.33 are considered as moderate [81]. Q2 value for continued use intention is 0.359, indicating the predictive relevance in our model is high [77]. The standardized version of the final model from PLS-SEM is displayed in Fig. 6. The path coefficients and significance levels from both approaches are listed in Table 6. In particular, f2 for each path is shown for PLS-SEM, which measures the effect size by calculating the change in R2 when a construct is removed from the model. Following Cohen [82] where 0.02, 0.15 and 0.35 represents a weak, moderate and strong effect size, respectively, the f2 values show the effect size in our model is generally moderate or high.   
4.3.4 Mediation Analysis. The path diagrams of both Fig. 5 and Fig. 6 from CB-SEM and PLS-SEM analyses respectively include the standardized estimates of the causal relations for the indirect and direct effects. Following the mediation analysis procedure [83], the direct, indirect and total effects of the motivational factors on the consequence along with the mediation type and mediators, if applicable, are listed in Table 7. Except reading experience that only has a direct effect on continued use intention (i.e., motivational consequence), all the other constructs (i.e., motivational factors) influence the consequence through either full or partial mediation. While visual attractiveness and reading experience (and attitudes toward school and utilization from CB-SEM) have both a direct effect and an indirect effect through partial mediation on continued use intention, all the other motivational factors influence continued use intention only indirectly through full mediation. More discussions on mediators are provided in Section 5.3. 
5. DISCUSSION 
 
Fig. 6. PLS-SEM result model of dyslexic users’ motivation to engage in e-learning systems. All paths are significant (i.e., 
p<0.05, standardized ß is shown in the diagram). 
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In the present study, we designed a multi-item questionnaire and used both PLS-SEM and CB-SEM techniques to explore and confirm the constructs and their interrelationships in the initial motivation model that we developed using qualitative approach upon the prior theories and research together with an empirical study. Specifically, a motivation model within the context of e-learning for students with dyslexia was explored and confirmed, which integrated the intrinsic and extrinsic motivation factors and dyslexics characteristics into the extended post acceptance model proposed by Larsen et al. [49] and the extended technology acceptance model proposed by Chang et al. [33]. The motivation model developed in this paper will progress the insight into the motivational processes of students with dyslexia that account for varying levels of motivation to engage in e-learning systems, i.e. continued use intention for e-learning systems. The most constructs in the proposed model including all emergent factors from our empirical study with dyslexic students [3] were supported by the analysis results of quantitative study, except that several factors (“perceived enjoyment”, “perceived convenience” and “satisfaction”) were removed and two factors (“confirmation” and “perceived fit”) were combined due to high cross-loadings, while the interrelationships were altered in the model based on the results from CB-SEM and PLS-SEM along with prior research or theories. 
5.1 Key Findings From our empirical study, we have identified four factors (i.e., learning experience, reading experience, perceived control and perceived privacy) and incorporated them into the motivation model. Consistent with our qualitatively constructed model, perceived usefulness is influenced by perceived ease of use; perceived ease of use is influenced by perceived control; perceived control is affected by self-efficacy. Our research has also yielded new findings: the study reveals direct effects of visual attractiveness and reading experience on continued use intention from both CB-SEM and PLS-SEM analyses consistently, while CB-SEM also results in the significant direct effects of attitudes toward school and utilization on continued use intention, which is the only difference between the two structural models in terms of causal relations from the two approaches. Both approaches have implied the importance of visual attractiveness, reading experience and feedback with respect to their total effects on continued use intention. It is found that feedback has an influence on both perceived control and visual attractiveness.  Positive and informative feedback appearing usually in visual form works as a kind of positive reinforcement for users, which improves users’ sense of control during interaction process and the perceived visual appeal of the system. Visual attractiveness and reading experience are found to be the strongest predictors of continued use intention, probably because that our respondents are young students with dyslexia, and they are more likely to be sensitive to visually attractive interface and put more value on reading experience than those without dyslexia. The influence of visual attractiveness is also mediated by utilization. Utilization explains the acceptance of the functions of e-learning systems instead of systems per se, and visual attractiveness is related to the curiosity which can trigger the interest and engagement in technology according to prior research [49]. That may explain the effect of visual attractiveness on utilization. In other words, if an e-learning system is more visually attractive, more possibly the user will fully utilize the system functions; therefore, the user will be more likely to have continued use intention. The influences of learning experience and confirmed fit on continued use intention were found to be fully mediated by reading experience, meaning the two factors will hardly exert their impact on use intention if a user’s need for good reading experience is not fulfilled. The influences of perceived control and perceived privacy were fully mediated by utilization; that is, a user’s improved sense of control and perceived protection for privacy issue will positively 
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impact the utilization of the system functions, thereby improving the user’s intention of continued use. Confirmed fit is influenced by the system-related extrinsic factors, perceived usefulness, perceived ease of use, and visual attractiveness; that is, if a user perceives the e-learning system to be useful, easy to use, and visually attractive, more possibly the user will confirm the fit of the system to his or her own needs. Compared with recent research that found a positive effect of relatedness on perceived ease of use, in which relatedness was from the self-determination theory, meaning that it was completely in intrinsic level [84], confirmed fit in our present study is similar with relatedness but goes further by incorporating users’ confirmed expectation after the usage, so the order of occurrence is different from that of relatedness, and confirmed fit involves both intrinsic-level and extrinsic-level motivation. Users’ self-efficacy also has an impact on the visual attractiveness of the system, and learning experience is influenced by attitudes toward school and perceived privacy, which emphasizes the importance of intrinsic motivation. Attitudes toward school intrinsically regulates learning behavior and has been found to be a predictor of information seeking behavior [22], thus, if someone has a negative attitude toward school, he or she will tend to have a negative intention of learning behavior, that may explain why the general learning experience is also affected in this case.  
5.2 Theoretical Findings We found that the constructs in the final motivation model integrating multidisciplinary perspectives can be grouped into different tiers: intrinsic factors (i.e., self-efficacy; feedback; attitudes toward school; perceived privacy), extrinsic factors (i.e., perceived usefulness; perceived ease of use; perceived control; visual attractiveness) and motivation mediators (i.e., confirmed fit; learning experience; reading experience; utilization), which all work on the consequence tier (i.e., continued use intention). This does not mean the factors in the three 
 
Fig. 7. The result motivation model showing the grouping and sequencing of constructs. (PLS-SEM path coefficients shown 
out of the brackets and CB-SEM shown in the brackets; *significant at 0.05 level; **significant at 0.001 level; dashed paths 
are those only existing in CB-SEM result model) 
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tiers function in a complete sequenced order; instead, their associations are heavily 
intertwined.  Overall, it reveals an apparent path that intrinsic factors and extrinsic factors influence together the consequence directly or indirectly through the motivation mediators in the final motivation model. Detailed grouping and sequence of the model constructs is shown in Fig. 7. Prior research which linked user motivations to behavioral intentions has either relied on general technology perceptions (e.g., [85]) or socio-psychological perceptions (e.g., [86]) as motivators behind the behavior, but the modelling of motivational factors reflecting extrinsic motivation, intrinsic motivation, and potentially important system/user-specific features were rarely taken into account [31]. In contrast, the present study has progressed insights into the motivations of users with dyslexia behind the engagement in e-learning systems by proposing a motivation model combining extrinsic motivation, intrinsic motivation and user/system-specific features. Our study suggests that continued use intention for an e-learning system is determined by a combination of extrinsic and intrinsic motivation, which function directly or indirectly through user/system-specific factors (i.e., mediators), confirming that both types of motivation exert a joint effect on users’ intention of continued usage. At the extrinsic level, we found visual attractiveness, perceived control, perceived ease of use, perceived usefulness as important extrinsic motives driving users’ continued intention to use an e-learning system, either directly or indirectly through the mediators. The cognitive-affective framework indicates that environmental factors can cause both cognitive and affective reactions, resulting in behavior, which has successfully been applied in a large quantity of online consumption settings (e.g., [87, 31]). This might explain why the studied factors of the e-learning system environment pertaining to extrinsic-level constructs influence continued use intention not only through utilization (mainly cognition-based) but also through reading experience and confirmed fit (mostly affect-based); confirmed fit combining a user’s confirmation of expectation and perceived system-user fit involves both cognitive and affective aspects, corroborating with the cognitive-affective framework. Visual attractiveness is found to be the most important in terms of the total effect on continued use intention and the only extrinsic factor that has a direct effect on continued use intention. At the intrinsic level, we found self-efficacy, feedback, perceived privacy, attitudes toward school as important intrinsic motives driving users’ continued intention to use an e-learning system, mainly indirectly through the mediators. Dyslexic students’ learning motivation is likely to be intrinsically compromised as they tend to have lower academic self-worth and more coping issues, potentially leading to learned helplessness. From CB-SEM approach, attitudes toward school is found to have a direct effect on continued use intention, while it is not corroborated by PLS-SEM, where it is found to function through full mediation of learning experience and reading experience. Feedback is found to be the most crucial factor among the intrinsic factors in terms of its total effect, meaning the importance of positive and informative feedback that users receive in time during a learning process. Similar with the extrinsic level, the intrinsic-level constructs drive continued use intention through the mediators, i.e., learning and reading experience (mainly affect-based) and utilization (mainly cognition affected), indicating that e-learning systems are expected to have both hedonic and utilitarian benefits. The effects of some intrinsic factors (i.e., self-efficacy and feedback) on continued use intention are also found to be mediated by extrinsic-level constructs (i.e., perceived control and visual attractiveness).   
5.3 Mediators The present data reveals that confirmed fit, learning experience, reading experience and utilization are the important mediators of the intrinsic/extrinsic motivation–consequence 
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relationship. This has gone beyond the findings of prior research. For example, Zhao et al.’s study has revealed that users’ subjective factor about perceived quality of system acts as a mediator between users’ concern and acceptance of the system [88], but it was not illustrated what factors are included in the quality of the system. The mediators identified in our study combine the aspects of both users and e-learning systems, reflecting both system-specific features (i.e., confirmed fit, utilization) and user-specific experience (i.e., learning experience, reading experience). This also corresponds with the cognitive-affective framework mentioned before.   Previous work in information system that has considered the impact of user experience and system functions on user motivation for continued usage has yielded equivocal findings (e.g., [49]; [88]; [89]). Although reading experience clearly has the potential to impact students’ motivation to engage in e-learning systems, especially for dyslexic users, a paucity of work has examined its influence. Among the mediators, our study emphasizes the importance of reading experience (and utilization from CB-SEM) which directly drives the motivational consequence (i.e., continued use intention), and the impact of confirmed fit and learning experience (and utilization from PLS-SEM), as the mediator of extrinsic and intrinsic factors respectively, also works indirectly on continued use intention through reading experience.. The effect of attitudes toward school is found to be mediated by learning and reading experience either fully (in PLS-SEM) or partially (in CB-SEM). Although the direct effect of attitudes toward school is significant in CB-SEM analysis, the strength of the path was, however, relatively weak, which indicates the fact that positive attitudes toward school is not the sufficient condition of continued use intention for e-learning systems, implying the importance of the mediating effect of learning and reading experience.  From a modelling perspective, our motivation model provides a more comprehensive view for explaining or predicting continued use intention of dyslexic students for e-learning systems. The parsimony of prior research of users’ IT acceptance has brought about large amounts of debate on the determinants of users’ intention of continual usage (see [52]; [90]; [91]). To provide greater insights to this end, we have modeled a mixture of extrinsic/intrinsic motivations and system/user characteristics that work as underlying mechanisms behind the motivation to engage in e-learning systems. The connections identified between two types of motivation, as well as their common subsequent dependent variables about system/user characteristics, support Malhotra et al.’s advocacy [92] that we ought to look beyond the distinct taxonomy of extrinsic and intrinsic motivation and treat system usage as a consequence of both intertwined motivations and primary system beliefs. This is especially relevant to e-learning system usage, for which the categorizing line between intrinsic and extrinsic motivation may be vaguer than that for systems with features of only one of utilitarian or hedonic purposes. Two examples that support this claim were provided by Verhagen et al. [31] and Standage et al. [56] who included both extrinsic and intrinsic motivations into their models to explain the motivation to engage in multipurpose information systems and physical education respectively. Though their models did not directly point out the interconnections of these motivations, and thus seemed to regard them as a dichotomy, they did find that both motivations or their antecedents were correlated. As the combination of extrinsic motivation–such as obtaining good scores or compliments, and intrinsic motivation–such as acquiring knowledge, is essential to explain e-learning system usage, again our novel perspective which identifies the interrelationships and indivisibility of both motivations can enrich the explanations and understandings behind e-learning system usage. 
5.4    Corresponding Motivational Strategies and Instructions for System Design 
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Dyslexia affects the way of learning instead of intelligence and the result of learning, and dyslexic students need personalized education to adapt to their characteristics and preference rather than a one-fits-all solution as a cure. Motivational strategies and well-designed e-learning systems are crucial to enhance the motivation of dyslexic students to learn in e-learning systems. Our motivation model will significantly progress the insight and should be incorporated into such design of motivational strategies and interface in e-learning systems. In future, the motivation model developed in the present paper will be used to assess learners’ motivation during their interaction with e-learning systems so that personalized strategies or content can be output to user by system to address individual users’ motivational needs and enhance their motivation. Any design elements that can potentially increase students’ motivation and enhance learning effectiveness can be regarded as motivational strategies. Here we have listed some typical motivational strategies or instructions for design to address dyslexic students’ motivational needs according to our motivation model in the design process. Each intrinsic and extrinsic factor in our model is used to create or relate to corresponding motivational strategies and instructions for system design as examples, shown in Fig. 8, which can be applied generally at the start of design process or in specific situations, for example, when the lack of certain motivational factors is self-reported or detected by sensors for a user.  
5.4.1 Corresponding to Extrinsic Factors. 
Visual Attractiveness. As the strongest predictor of motivation among the extrinsic factors found in our study, an e-learning system should look visually appealing to students to attract their attention. Especially for dyslexic students, due to their different ways of learning and more potential difficulties during learning process compared to other students, visual attractiveness is even more important to focus them. Related strategies include problem probing and multimedia elements. Probing a problem at the beginning or in the process of learning can trigger more interest and motivation. Attention alarm can be linked to a rewarding scheme and refocus students by alarming them, for example, about the possible loss of rewards. Dyslexic students may also benefit from attractive multimedia presentations of course elements such as right amount of animation. 
Perceived Control. As the new extrinsic factor identified in our study, perceived control relates to user’s perceived freedom to choose an action or control the progress during interaction. Related strategies include progress bar, responsive design and undo option. 
 
Fig. 8. Motivational strategies or design instructions corresponding to the motivation model. 
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Progress bar is a kind of positive feedback for users in nature, encouraging them all the time about the progress they are making. Responsive design of e-learning systems can respond to the size and orientation of a screen, taking minimal effort from user to adapt to different screens. Undo option refers to the available option of cancel/undo an action and allow users to undo, redo and repeat an action to avoid out-of-expectation action. The consequence of any action made by a user should be clearly reasonable and interpretable to ensure users’ perceived control of the interaction with a system.  
Perceived Usefulness. An e-learning system should be useful and effective at facilitating users’ learning. Related strategies include linkage instruction and appropriate materials. Firstly, students need to perceive the linkage for how the e-learning courses can help them achieve their learning needs or how the course is related to their daily study or life.  Secondly, since the ways of processing information can vary much among different students, learning materials used in the system should be appropriate and pre-tested to ensure the right amount and difficulty level of information. 
Perceived Ease of Use. A well-designed e-learning system should enable students to focus on learning courses with minimal time spent on potential technical issues or confusion about how the system work. As found in our study, perceived control directly influences perceived ease of use, so the strategies pertaining to perceived control mentioned before can also work for perceived ease of use. Most importantly, it is imperative to conduct usability tests and iterative design to ensure the ease of use such as the ease navigation and functionality of e-learning systems. 
5.4.2 Corresponding to Intrinsic Factors  
Feedback. Output by system to user, suitable feedback can increase users’ perceived control of the environment, thus making them more confident in exercising more or moving forward to achieve their learning goals. This is also found as the most important intrinsic factor in terms of its total effect on continued use intention. Related strategies include informative feedback, explanatory feedback, encouraging feedback or a combination of them. Informative feedback makes users aware what they are doing and the results of their actions, for example, telling users that they are entering quiz part or whether the answer of a quiz is correct. Explanatory feedback allows users’ deep understanding on the results of their actions by providing necessary explanations, for example, providing users with the relevant knowledge of a quiz to help them understand why their answers are correct or incorrect. Encouraging feedback can be encouragements in form of text, voice or animation output by an e-learning system from an embedded virtual tutor, usually with a rewarding scheme, it can also improve the visual attractiveness of a system.  
Self-efficacy. Students’ belief and confidence in completing learning tasks in an e-learning system is formed through their long-term experience, thus hard to be improved significantly for those with a low level of self-efficacy in a short time period, but we can apply strategies to keep them on track and complete the learning task.  When their exercise of easily usable e-learning systems increases, they will be more familiar with similar kinds of systems and more confident in using them in future, which is a positive cycle. Related strategies include empathy response and help and support. Empathy response refers to the empathy provided by the system for user in response to user’s possible feelings during their learning process, for example, a virtual tutor appears happy and motivated when a student achieves a learning goal.  Help and support should be available to help users keep learning in a e-learning system and avoid the lack of confidence in using the system resulting from the lack of available support. 
Perceived Privacy. As the new intrinsic factor identified in our study, privacy issue is easy to be ignored but important especially for dyslexic students as this might cause more sensitive 
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issues for them such as peer pressure. The pressure from non-dyslexic peers can exacerbate the symptoms of dyslexia [93] and lead to a series of negative feelings of embarrassment, humiliation, anxiety, anger, frustration, and guilt [94, 95, 96]. Due to the fact of being different from their peers in terms of reading and writing performance, the majority of learners experiencing learning difficulties were being laughed at by their peers and excluded in peer-group tasks and activities assigned in the classroom[97]. Peers of dyslexics may be a reason of their low self-concept and self-esteem[98]; it has also been proved [99] that students with dyslexia are at a disadvantage when interacting with their peers in a synchronous e-learning environment. There are a lot of strategies to improve user’s perceived privacy. Related strategies include unidentifiable data, user awareness and mobile learning. E-learning systems should store as little as personal data or make the user data unidentifiable to protect user privacy. All users should be kept aware of how their data is used and who can access the data. As a sub-set of e-learning, mobile learning or m-learning emphasizes the portability of the electronic devices such as smartphones used to teach students, and using a smaller screen will help users perceive more private space and safety of their information with much less possibility of 
being observed. Other ways such as secure access through authentication and encryption can also improve user’s perceived privacy and trust.   
Attitudes toward school. Improving the attitudes toward school need long-term effort apparently, though providing appealing interface or introducing gamification in e-learning may help in short term. Dyslexic students’ negative attitudes toward school mainly result from the difficulty or boredom experienced in their long-term learning process. Related strategies include dyslexia-friendly style and achievement highlight. Cognitively, e-learning systems should always use dyslexia friendly style including fonts and layout that can be well understood by dyslexic students. For example, some fonts have been specially designed and 
tested for dyslexic users such as Open Dyslexic; text should use the shortest words possible and should be replaced or accompanied by comprehensible icons whenever appropriate. Affectively, highlighting their achievements using score or badges during learning process can help improve confidence. More importantly, using personalized learning approaches and strategies in well-designed e-learning systems as a whole will increase the effectiveness and usage of e-learning system, thus in turn improving the attitudes toward school, forming a positive cycle. 
5.5 Limitations It is worth noting that our sample is self-selected from the student members of Dyslexia Norway, inevitably leading to self-selection bias. Though the student members of Dyslexia Norway are also from different schools with different backgrounds, future work is expected to involve more diversity of individuals and school levels. Hierarchical linear modelling techniques allowing the hierarchical and concurrent investigation of individual, group, and cross-level effects within a hierarchical structure will be most applicable in such examinations [56, 100]. Furthermore, according to Standage et al. [56], perceptions of contextual cues, also called motivational climate (i.e. mastery climate and performance climate), has an effect on cognitions, behaviors, and affective responses of physical education students pertaining to achievements [101, 102, 103]. Our present study is in the context of “mastery climate” without interpersonal competition. Though it would have been useful to conduct comparable study to investigate the role of contextual cues, our sample size and sample structure did not allow such tests. Another potential limitation of this study is that the e-learning systems investigated and described in the section of Sample and Procedure are all web-based e-learning tools. While the functions of the systems examined are comparable to those of other e-learning tools, we suggest researchers to re-examine and cross-validate the 
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research findings with varying data sets collected in several e-learning systems with contrasting features. Additionally, the intrinsic factors, attitudes toward school, perceived privacy and self-efficacy are correlated with each other significantly and reflected in the structural model from CB-SEM analyses, whereas PLS-SEM does not support incorporation of correlations between constructs into the structural model [80].  
6 CONCLUSIONS An in-depth, comprehensive understanding of motivation to learn is unquestionably crucial in the context of e-learning systems for students with dyslexia.  In this study, we have developed a conceptual motivation model based on priori knowledge and real dyslexic users’ views, and further fine-tune the model through quantitative data analysis techniques including both CB-SEM and PLS-SEM to consolidate the findings. We have obtained insights into how educators and e-learning system designers may struggle against the decrease in motivation and engagement levels of students with dyslexia. Specifically, research findings have suggested that overall the impact of learner’s intrinsic motivation and extrinsic motivation on continued use intention for e-learning systems is mediated by their learning and reading experience, confirmation of the system-user fit and utilization of system functions.  We have also noticed that in our e-learning context the extrinsic factors and intrinsic ones are not clearly cut, and the factors function in an intertwined manner: the impact of some intrinsic factors on the motivational consequence is mediated by extrinsic factors—both self-efficacy and feedback output to users have an influence on the visual attractiveness of e-learning systems and users’ perceived control. Finally, we have also incorporated our motivation model into the design process by introducing some strategies or instructions as examples to address motivational needs pertaining to each factor in our 
motivation model. Our future research will be targeted at developing personalization rules based on the motivation model for e-learning systems to output personalized motivational tactics for dyslexic students’ enhanced learning. 
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Appendix A. Measurement scales *** = removed after EFA Latent Variables  Measured Variables Perceived Usefulness [32]  Mean (SD) = 3.90 (1.082)  Perceived Ease of Use [32]  Mean (SD) = 3.60 (1.010)  Perceived Enjoyment [33] ***     Perceived Convenience [53] ***    Satisfaction [104] ***          Confirmation [49]  Mean (SD) = 3.45 (1.118)  Perceived Fit [104]  Mean (SD) = 3.46 (1.195)  Feedback [11]  Mean (SD) = 3.06 (0.964)   Visual Attractiveness (Hair Jr et al., 2010, Verhagen et al., 2012)  Mean (SD)= 3.36 (0.909)  
(1) Using the learning tool improves my learning effectiveness. (2) Using the learning tool makes learning easier for me. (3) Using the learning tool does NOT improve my learning performance. (reverse)  (4) The learning tool is a useful tool for me.  (1) Learning how to use the learning tool is easy for me. (2) My interaction with the learning tool is clear and understandable.  
(3) It is NOT easy for me to become skilful at using the learning tool. (reverse) 
(4) Overall, I find the learning tool easy to use.  (1) When I learn things via the learning tool, I feel time passes quickly.  (2) Learning things via the learning tool is enjoyable to me. (3) Using the learning tool makes me feel FRUSTRATED. (reverse) (4) Using the learning tool is a very comfortable experience for me.  (1) I can learn at any time via the learning tool. (2) I can learn at any place via the learning tool. (3) The learning tool is NOT convenient for me to engage in learning. (reverse) 
(4) Overall, I feel that the learning tool is convenient for me to learn knowledge.   (1) Based on my experience with the learning tool, I am very content with using it. (2) Based on my experience with the learning tool, I am very DISSATISFIED with using it.     (reverse) (3) Based on my experience with the learning tool, I am delighted with using it.   (1) My experience with using the learning tool was better than what I expected.  (2) The service level provided by the learning tool was better than what I expected. 
(3) Overall, most expectations for using the learning tool were confirmed.  (1) Using the learning tool fits with the way I learn. 
(2) Using the learning tool does NOT fit with my learning preference. (reverse) 
(3) Overall, using the learning tool fits with my learning needs.  (1) The learning tool provides positive feedback.  
(2) I did NOT receive compliments in the learning tool. (reverse) (3) The feedback I received in the learning tool is informative.  (4) The feedback I received in the learning tool is in time.   (1) The way things are displayed in the learning tool is attractive.  
(2) I do NOT like the way the content looks in the learning tool.  
(3) Overall, I find that the learning tool looks attractive.    
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Utilization [49]  Mean (SD) = 3.18 (0.895)    Technology Self-efficacy [52]  Mean (SD) = 3.70 (0.830)          Attitudes toward School [54]  Mean (SD) = 3.71 (1.078)   Perceived Control Mean (SD) = 3.14 (1.013)        Perceived Privacy Mean (SD) = 3.74 (0.900)       Learning Experience Mean (SD) = 3.26 (0.780)     
(1) I utilized the main functions in the tool I used.  (2) I utilized the most functions in the tool I used. (3) I completed the learning tasks in the learning tool I used.  (4) I took the self-assessment test/quiz in the learning tool I used.  (1) I could complete the learning tasks using a mobile or web-based learning tool, if there was no one around to tell me what to do. (2) I could complete the learning tasks using a mobile or web-based learning tool, if I had never used a tool like that before. (3) I could complete the learning tasks using a mobile or web-based learning tool, if I had only the instruction manuals for reference. (4) I could complete the learning tasks using a mobile or web-based learning tool, if I could call someone for help if I got stuck. (5) I could complete the learning tasks using a mobile or web-based learning tool, if I had a lot of time to complete the learning tasks for which the system was provided. (6) I could complete the learning tasks using a mobile or web-based learning tool, if someone showed me how to use it first  (1) l really like school. 
(2) School is BORING. (reverse) 
(3) I would NOT like to work in a school when I grow up. (reverse) *** (4) I am learning a lot in school.   (1) I felt I was able to control the progress as I wanted when using the learning tool. *** (2) I felt it was easy to undo or cancel when unpredicted things happen in the learning tool I used. (3) I felt I was able to control the learning progress to adapt to my own learning pace when using the learning tool. (4) I felt I could manipulate the learning tool I used in the way I like. *** 
(5) When I used the learning tool, I felt the progress in the tools was OUT OF MY 
CONTROL. (reverse)***  (1) When using the learning tool, I knew my personal information could be only identified by myself unless I gave permissions. (2) When using the learning tool, I knew how my personal information would be stored and used. *** (3) When using the learning tool, I felt other people could not have access to my learning progress or any other personal information unless I gave permission. (4) When using the learning tool, I felt UNSAFE about my personal information overall. (reverse)  (1) The learning materials used in the learning tool are clear and understandable. (2) The learning materials used in the learning tool are interesting and fun.  (3) I felt the self-assessment test/quiz in the learning tool helpful to my learning. *** (4) I often needed additional help in either technical or learning aspects when using the learning tool. (reverse) *** (5) The way the learning material is presented is suitable for me. (6) The difficulty level of the learning material fits me well. 
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   Reading Experience Mean (SD) = 3.43 (1.096)    Continued Use Intention [32] Mean (SD) = 3.74 (1.019) 
(7) Overall I felt FRUSTRATED using the learning tool for my learning. (reverse) ***  (1) I had less difficulties of reading hen using the learning tool. (2) The functions provided in the learning tool helped a lot with my reading.  (3) The text length and format of the learning materials in the learning tool fits me well.  
(4) Overall my reading experience is positive using the learning tool.   (1) In the next few weeks, assuming I have access to the learning tool, I would like to use/continue to use it. (2) If I could, I would like to DISCONTINUE my use of the learning tool in the next few weeks. (reverse) (3) My intentions are to continue using the learning tool in the next few weeks, at least as active as today.  
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